Abstract-In this study, two real-time energy management strategies have been investigated for optimal current split between batteries and ultracapacitors (UCs) in electric vehicle applications. In the first strategy, an optimization problem is formulated and solved using Karush-KuhnTucker conditions to obtain the real-time operation points of current split for the hybrid energy storage system (HESS). In the second strategy, a neural network-based strategy is implemented as an intelligent controller for the proposed system. To evaluate the performance of these two real-time strategies, a performance metric based on the battery stateof-health (SoH) is developed to reveal the relative impact of instantaneous battery currents on the battery degradation. A 38 V-385 Wh battery and a 32 V-4.12 Wh UC HESS hardware prototype has been developed and a real-time experimental platform has been built for energy management controller validation, using xPC Target and National Instrument data acquisition system. Both the simulation and real-time experiment results have successfully validated the real-time implementation feasibility and effectiveness of the two real-time controller designs. It is shown that under a high speed, high acceleration, aggressive drive cycle US06, the two real-time energy management strategies can greatly reduce the battery peak current and consequently decreases the battery SoH reduction by 31% and 38% in comparison to a battery-only energy storage system. Index Terms-Battery state-of-health (SoH) estimation, hybrid energy storage system (HESS), real-time energy management.
of storing energy and providing power over the battery lifetime. One potential solution to this problem is to integrate highenergy density batteries with high-power density ultracapacitors (UCs) as hybrid energy storage systems (HESS). UCs have complementary features to batteries with fast charge-discharge, excellent power performance over broad temperature range, long lifetime, and high reliability. UCs can protect batteries against fast charging/discharging, reduce high peak power and relieve the battery thermal burden; therefore, prolong the battery lifetime [1] [2] [3] [4] .
Hybridizing UCs brings in an additional degree-of-freedom that complicates the design and energy management of the HESS, where the objective is to effectively split the load demand between batteries and UCs and sustain their charges. Different energy management problem formulations and methodologies have been discussed to enhance the HESS performance by improving the power efficiency and extending the battery lifetime. The proposed strategies are classified into two main categories: offline optimization strategies and real-time strategies. Dynamic programming is usually applied to obtain the optimal current split sequence for entire drive cycle in offline strategies [5] . However, dynamic programming (DP) is infeasible for realtime implementation due to its preview nature that requires a priori knowledge of the entire drive cycle. It is still challenging to design an effective and efficient real-time control strategy that can optimally split the current between batteries and UCs. Many real-time energy management strategies have been proposed that include rule-based control [6] , fuzzy logic control [7] , model predictive control (MPC) [8] , and neural network method [9] , [10] . Among which the rule-based control, fuzzy logic control are heuristic controllers, which cannot guarantee effective control in different driving scenarios. MPC may either compromise the model accuracy when linear models are used or suffer from computation demand. While the system efficiency and fuel economy have been extensively used for evaluation of energy management in hybrid EV applications, there is no standardized performance measure to evaluate the effectiveness of control strategies for EV applications. The battery life, as one critical performance metric, is not often considered/evaluated for EV applications due to the battery life modeling difficulty, especially under realistic driving conditions [11] , [12] .
The major contributions of this study include: 1) investigation of two representative energy management strategies to avoid short-sighted control decisions for real-time implementations; 2) development and verification of a scaled-down battery-UC HESS prototype and a real-time experiment platform under representative drive cycles; 3) evaluation of the battery stateof-health (SoH) under realistic driving scenarios. This provides a standardized performance measure for real-time EV energy management strategies.
This manuscript is organized as follows. Section II presents the system configuration and modeling of the battery-UC HESS. The real-time energy management strategies along with the performance measures based on the battery SoH estimation are described in Section III. This paper carries on the work presented in [10] to design a real-time neural network energy management controller that is trained based on offline optimization results. This neural network-based controller is compared with a latest real-time optimization strategy using Karush-KuhnTucker (KKT) conditions [13] . To validate these two real-time controllers, a real-time experiment platform and a hardware prototype is developed and described in Section IV. The experimental results and comparative analysis are presented in Section V. Finally, the conclusions of this study are provided in Section VI.
II. SYSTEM CONFIGURATION AND MODELING
In this study, the semiactive HESS topology, shown in Fig. 1 , is considered. With this topology, the UC pack discharging/charging current I uc can be controlled through the control of the DC-DC converter. In addition, as the UC pack is decoupled from the dc bus, its voltage can be lower than the dc bus voltage, and consequently the size and cost of UC can be reduced.
A. Battery/UC Characteristics
A scaled-down HESS prototype is constructed using a 38-V Lithium-ion battery pack and a 32-V UC pack. The battery pack consists of 40 battery cells with four parallel branches including ten cells in serial connection in each branch. Two 16-V small cell modules from Maxwell Technologies Inc. are connected in series. The battery/UC pack specifications are given in Table I .
B. Battery/UC Models
The HESS is modeled using high-fidelity models from Autonomie software developed by Argonne National Laboratory [14] . The battery cell equivalent circuit model is shown in Fig. 2(a) . Based on this equivalent circuit model, the relationship between battery voltage V b and the current I b is derived as V oc is the battery open-circuit voltage, R 0 is the ohmic resistance, R p1 and R p2 are the polarization impedances. The parameters are obtained through curve fitting of the battery test data. The two RC networks have time constants τ 1 = R p1 C p1 and τ 1 = R p1 C p1 with τ 1 = 22.8s and τ 2 = 270 s, respectively [15] . The battery parameters are implemented as a lookup table using battery state of charge as input. Based on the battery equivalent circuit model, the battery discharge curve under 0.5-C current rate is shown in Fig. 2(b) .
The UC pack is modeled with its capacitance C and an internal resistance R uc as shown in Fig. 3 .
The two parameters of C and R uc are implemented as lookup tables with input of the UC current based on UC cells test data [14] . 
C. DC-DC Converter Model
The DC-DC converter controls the current flow from/to the UC pack. Therefore, it is important to model the DC-DC converter efficiency map under different operation and load conditions. In this study, both the conduction losses and switching losses are included in the DC-DC converter efficiency analyses as the DC-DC converter operates at 120 kHz. The conduction losses and switching losses are determined using (2) and (3) [10] 
f s is the switching frequency, which is selected to be 120 kHz in this case. I L is the inductor current. D is the duty cycle of the DC-DC converter. R on and R L denote the switch on-state resistance and inductor resistance. t r and t f , respectively, denote the rise-time and fall-time transitions of MOSFETs during switching periods. C oss is the output capacitance of MOSFET. Q t is the gate charge due to charging the gate capacitance by gate voltage. Q rr denotes the reverse recovery charge. The parameters are given in Table II .
The efficiency maps of the DC-DC converter at given input voltage values are presented in Fig. 4 .
III. REAL-TIME ENERGY MANAGEMENT STRATEGIES
The real-time energy management problem is formulated to determine the optimal current split between battery and UC in order to extend the battery lifetime and improve the system efficiency. With a cost function representing these current split objectives, an optimization problem is formulated. For real-time energy management in an EV without the future driving pattern, it is very likely to make short-sighted current split decisions. To avoid making short-sighted decisions, we investigated two different real-time energy management methodologies.
A. Real-Time Optimization Using KKT Conditions
The first method to avoid short-sighted decisions is to set a cost function that represents a long-term effect of each instantaneous control decision in real-time optimization [13] . The objective function is a weighted sum of three utility functions to minimize the battery current magnitude, variations and also to minimize the difference between the UC current and its current reference signal I uc,fit min .
The two design variables are the battery and UC currents as I b and I uc , respectively. I b,prev represents the battery current at previous time step. The I uc,fit , as defined in (5), is determined with the purpose of maintaining the UC energy at certain level, which carries a long-term effect at each instant control decision
Here, V uc,max and V uc,min are the maximum and minimum voltages of the UC pack. I uc,max refers to the maximum current range. By limiting the UC current in the cost function, it not only avoids the short-sighted control decisions but also simplifies the problem formulation.
In this power split problem, a, b, c in each utility function are used for utility function normalization. ω a , ω b , and ω c are weight coefficients. The nonnegative weight coefficients sum to one. In addition, the battery and UC currents should be able to satisfy the load demand during the entire driving schedule. These constraints are added into the optimization problem formulation
The selection of these parameters is presented in details in [13] . The KKT conditions [16] are applied to solve this problem with the Lagrangian as
the KKT point is then obtained as shown in (9) at the bottom of the page. This solution in (9) is verified to be the optimal point for battery/UC current split at each instant for this real-time energy management problem [13] . For realistic operation, the physical limitations of the battery/UC currents are also considered to constrain this optimal solution.
B. Real-Time Controller Based on Neural Network
A well-designed long-term cost function depends on expert experience and heuristics, which may still deviate from the best solution. In the second strategy, an intelligent real-time controller is constructed based on neural network, which is trained by offline optimization results. The offline optimization problem is formulated in (10) to minimize the HESS power losses P loss and reduce the battery current variations
Here, the weight coefficients determine the tradeoff between two different objectives with ω a = 0.1, ω b = 0.9. This nonlinear multistep optimization problem is solved using DP. The DP algorithm solves the problem using backwards iteration from the end of a drive cycle to the cycle beginning and makes the optimal control planning of current split at each time and state. The obtained optimal current split sequences are used to train a neural network for effective system approximation of this offline optimization [10] . A large training dataset based on downscaled standard driving cycles have been taught to the neural network to make intelligent real-time control decisions. The neural network is designed using the Neural Network Toolbox software [17] in MATLAB with the architecture shown in Fig. 5 . The input of the neural network includes the vehicle speed, acceleration, load demand current, the UC voltage, and the battery current. The neural network generates the reference signal for the UC current for the next time step based on these input data.
C. Performance Measures
For different real-time energy management methodologies, problem formulations and implementation difficulties are different. To perform a comparative analysis, a standard performance measure for various energy management methodologies is crucial. A typical battery end-of-life (EOL) refers to 20% degradation in the battery nominal energy capacity. In this case, the estimation of the battery SOH is determined by the estimation of the battery capacity degradation. For empirical battery capacity degradation model development, experimental data are essential for statistical evaluation and validation. Bloom et al. present the testing results on Lithium-ion batteries and develop a battery capacity fade prediction model using large experimental data set [18] . This model is later adopted as a starting point by Wang et al. [19] to develop a physically justified empirical model as shown in
Here, ΔQ loss is the battery capacity degradation percentage number. T is the absolute temperature and R is the gas constant of 8.314 Jmol
) that leads to the capacity degradation. z is the power law factor with the value of 0.55. B and E a are, respectively, the fitting parameter and the activation energy from Arrhenius law [19] . The activation energy E a is a function of the current rate as shown in E a = 31700 − 370.3I br (13) where the battery current rate I br is defined as the ratio between battery current and its nominal capacity (in [Ah]) in
The preexponential parameter B under different current rates is obtained based on the empirical fitting, shown in Table III .
In order to account for the effect of realistic drive cycle on EV battery life, a throughput-based battery capacity fade model is adopted [20] , [21] . This throughout-based model assumes that a battery can deliver or take a certain amount of charge throughput under constant operation condition before it reaches EOL. Based on this throughput-based battery capacity fade model [20] , the battery SoH is given as a function of battery current, shown in
Therefore, the battery SoH variation from the initial value is defined in
In this model, both charging and discharging currents are assumed to have the same impact, in contributing to the battery aging. Thus, the absolute value of battery current is integrated. The SoH(0) represents the initial battery SoH and Q tp,max (in [Ah] ) is the maximum amount of charge throughput that a battery can have before it reaches its EOL. As dτ is considered in the unit of second, the number 3600 in the denominator is used for unit conversion from second to hour.
Taking the derivative from both sides of (16) leads to (17) to evaluate the effect of battery current rate on the battery SoH variation rate
Under different battery current rates, the maximum charge throughput, Q tp,max , is different. It is assumed that under a certain current rate, a battery can deliver a certain amount of charge throughput [20] . To evaluate the maximum amount of charge throughput, Q tp,max , under different current rates, the capacity degradation percentage number ΔQ loss is set to 20. Using (12) , Q tp,max can be expressed by Q tp,max (I br ) = 20
Substituting (18) into (17) gives
This estimation only captures the discharging/charging current impact on the battery life, which overestimates the battery life as the high/low-temperature impact and the battery calendar aging effect are not included. This battery SoH variation rate in (19) reveals the relative impact of the instantaneous battery current on the battery degradation. This simplified control-oriented battery SoH estimation model permits its application in real-time realistic drive cycles. To evaluate the battery SoH variation during one drive cycle, (19) is integrated obtain ΔSoH as defined in (16) . This battery ΔSoH estimation is used as one performance measure for different real-time energy management strategies under realistic drive cycles.
IV. REAL-TIME EXPERIMENT PLATFORM
A. Real-Time System Implementation In this study, two different real-time controller models are built. These controller systems generate the reference signal of UC current to command the physical system to follow the realtime energy management. The physical system model of HESS is described in Section II. The battery/UC voltage/current and load measurements are used as feedback input to the real-time controllers. In order to mimic the real system, where a realtime controller would communicate through an I/O bus with the actual hardware, the Simulink model is modified by adding I/O driver blocks to interface with prototype hardware.
B. Real-Time Simulation
Generally, Simulink models are non-real-time simulation models, which might be insufficient to capture the control dynamics. To bridge the gap between a non-real-time simulation and a hardware experiment, a real-time simulation platform is built using xPC Target [22] . An xPC Target real-time system consists of a host computer and a target computer. The nonreal-time simulation model in the host computer is transformed into a real-time xPC Target model using real-time workshop and MS Visual C++ [22] , which generates code directly from the Simulink model. The generated code is downloaded and deployed on the target computer over an Ethernet host-target link. As the target computer is booted using a high-performance kernel, which requires very little memory and can be run in real time, it enables a closed-loop system in real time. To enable the hardware I/Os of the target computer, a National Instrument data acquisition (DAQ) board for signal and DAQ is installed and a shielded I/O connector block for signal conditioning is used as the I/O terminals. The target computer is connected to a physical system as shown in Fig. 6(a) .
C. Real-Time Experiment Setup
Instead of using a virtual physical system for real-time simulation, a real hardware prototype is built for experiment to further validate the real-time controller. This real physical system consists of a battery pack, an UC pack, a DC-DC converter and a programmable DC electric load, which mimics the function of a propulsion machine in a real EV. This physical system is shown in Fig. 6(b) .
Two current and two voltage sensors are used to capture the UC voltage/current and the battery current/voltage. These measurements are fed back to the DAQ system, which is connected to the target computer. Based on the feedback signals, the target computer updates the real-time control decisions at each sampling step. This real-time control reference for UC input current is generated as a voltage output signal to control the DC-DC converter via a digital potentiometer and an onboard current mode controller. The current mode controller commands the DC-DC converter input current to follow the control reference based on the real-time energy management control strategy. A block diagram of this experiment platform is shown in Fig. 7 .
The major components specifications in this experimental platform are presented in Table IV . 
V. SIMULATION AND EXPERIMENT RESULTS
The performances of the two real-time energy management strategies are investigated using New York City drive cycle, Manhattan drive cycle, and US06 drive cycle. The New York City drive cycle features low-speed urban driving with frequent stops; the Manhattan drive cycle is characterized by frequent stop-and-go traffic and very low speed, which represents a congested urban driving situations. As a supplemental test, US06 drive cycle is developed to test vehicles at high speeds and high accelerations during aggressive driving conditions. The speed profiles of these three test drive cycles are displayed in Fig. 8 . The demand current of these test drive cycles in simulation is downscaled within 25 A to enable comparison with experimental results with a similar power rating.
A. Real-Time Simulation Results
To highlight the performance of these two real-time energy management strategies, specific time periods of the real-time simulation results are shown in Fig. 9 . The battery current in a battery-only energy storage system is shown for result comparison. The result shows that both real-time energy management control strategies have greatly reduced the battery current magnitude/variations for peak shaving and smoothing. Moreover, it can be observed that the battery is protected from the aggressive transient demand due to its relatively slow dynamics. Instead, the UC delivers the remaining current with fast response to satisfy the transient demand. 
B. Real-Time Experiment Results
The two real-time energy management strategies are tested using the developed experimental platform to further validate the real-time implementation feasibility and effectiveness. The real-time experiment results for both strategies are presented in Fig. 10 using ECE-15 drive cycle. This 195-s urban drive cycle captures the low to median speed drive and stop-and-go features in one test cycle. The experiment results of the battery voltage/current and the UC voltage/current are shown for both real-time control strategies.
In this experiment test, the built hardware prototype is tested without considering regenerative braking from the load, as the programmable electronic load does not have sourcing features. Under this driving condition, these two real-time energy management controllers (EMS1 refers to the one uses the KKT conditions and EMS2 is neural network based) sustain the charge in both battery and UC packs and provide robust response to the load dynamics. The experiment results validate the effectiveness of the two real-time energy management controllers.
In Fig. 10(a) , two UC modules are connected in series and the UC charging is constrained in this case to ensure additional safety and prevent unbalance charging, as the UC pack was not equipped with a module balancing system. In Fig. 10(b) , one UC module is used and the UC can be charged from the battery module. As shown in Fig. 10 , the results obtained using neural network strategy present more obvious effect in reducing the battery current fluctuations. The UC voltage swing window of EMS2 in Fig. 10(b) is larger in comparison to the EMS1, which shows more effective utilization of UC for peak shaving and power buffering when EMS2 is used. With the UC charging enabled, EMS2 presents its robust control capability to precharge the UC for the future high current peak, which can improve the DC-DC converter power efficiency as the input voltage is increased. The experiment results reveal that the DC-DC converter operates under high average efficiency over 95% for both real-time energy management strategies; while the neural network-based strategy ensures higher efficiency during high-power operations. The HESS system efficiency in both cases are evaluated. The quantitative results are summarized in Table V .
C. Battery SoH Performance Evaluation
The current split solution generated by the two real-time energy management strategies are evaluated according to the proposed performance metric, i.e., the impact on the battery SoH. Though various factors including the battery current, temperature, and cycling time may impact the battery SoH, the proposed battery SoH estimation model emphasizes the relative impact of the battery current rate. The battery current distributions in the high speed, high acceleration US06 drive cycle is presented in Fig. 11 , using the two real-time energy management strategies, respectively. The battery current in a battery-only system is also presented for result comparisons.
The battery SoH reduction, ΔSoH, are estimated and presented in Table VI. As shown in Fig. 11 , the occurrence of high battery current has been greatly reduced or shaved by UCs using real-time energy management in comparison to a battery-only system. Based on the results under one 8.01 mi US06 drive cycle in Table VI, the battery SoH after 100 000 mi driving would be 85.3% for battery-only ESS, 90.9% using EMS1 and 91.9% using EMS2. The experiment results lead to 31% and 38% reduction of the battery ΔSoH using the first and second real-time optimization strategies, respectively.
D. Comparative Analysis
Using the battery SoH estimation as one performance metric, it is shown that the neural network-based real-time optimization strategy shows improved performance, especially under aggressive driving situations. The energy management strategy also gives insight on the UC sizing design as there is an interdependence between sizing and energy management problem. As shown in the experiment results, the neural networkbased strategy shows higher utilization of the hybridized UC pack for battery current peak shaving and power buffering. This not only extends the battery lifetime, but also helps improving the dc bus voltage stability and the system efficiency. As shown in Table V , the UC charged energy is 0.44 Wh when EMS 2 is used, which is 63% higher in comparison to EMS 1. With larger UC voltage variation window and more energy recovered, the neural network-based strategy shows potential to extend more EV driving range in regenerative braking when the same size of UC is installed. In other words, when the same range is extended, a smaller pack of UC is required when EMS 2 is used.
Still, it is important to discuss other implementation issues for a comprehensive analysis. The advantage/disadvantages of these two methods are summarized in Table VII . The different features of these two real-time strategies permit their usages under different cases and requirements. For real-time controllers requiring small memory and very high computation efficiency, the first method is preferred. For a more robust and better control performance in terms of the battery SoH, the neural network method is desired. The implementation issues and comparative analysis using the xPC target platform are applicable to other real-time platforms and embedded systems.
VI. CONCLUSION
EV batteries tend to have accelerated degradation due to high peak currents and frequent charging/discharging cycles, particularly in urban driving conditions or under aggressive driving. The combination of batteries and UCs is studied as a solution to protect EV batteries and extend the battery life. In this study, two real-time energy management control strategies are studied. Both methods can effectively reduce the battery current magnitude/variations. The neural network-based energy management strategy shows improved robustness and better performance in terms of the battery SoH. However, the real-time optimization strategy using KKT conditions provides deterministic control equations for the optimal current split, which exhibits benefits of simple implementation and excellent computation performance. A scaled-down hardware is developed to validate the proposed control strategies, which uses xPC target real-time experiment platform. This platform provides a dual computer real-time environment that is costeffective, reliable, and practical for the validation of real-time strategies for a HESS prototype. The hardware experiment is performed under scaled realistic drive cycles to capture the performance of the system. The real-time experimental results validate the implementations of the two real-time controllers and achieve effective reduction of the battery peak current in both cases, which lessen the battery SoH reduction by 31% and 38%, respectively, in comparison to a battery-only energy storage system under an aggressive urban drive cycle.
